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Computerized adaptive testing (CAT) greatly improves measurement efficiency in high-stakes testing operations through the selection
and administration of test items with the difficulty level that is most relevant to each individual test taker. This paper explains the 3
components of a conventional CAT item selection algorithm: test content balancing, the item selection criterion, and item exposure
control. Several noteworthy methodologies underlie each component. The test script method and constrained CAT method are used
for test content balancing. Item selection criteria include the maximized Fisher information criterion, the 4-matching method, the 4-
stratification method, the weighted likelihood information criterion, the efficiency balanced information criterion, and the Kullback-
Leibler information criterion. The randomesque method, the Sympson-Hetter method, the unconditional and conditional multino-
mial methods, and the fade-away method are used for item exposure control. Several holistic approaches to CAT use automated test
assembly methods, such as the shadow test approach and the weighted deviation model. Item usage and exposure count vary depend-
ing on the item selection criterion and exposure control method. Finally, other important factors to consider when determining an
appropriate CAT design are the computer resources requirement, the size of item pools, and the test length. The logic of CAT is now
being adopted in the field of adaptive learning, which integrates the learning aspect and the (formative) assessment aspect of education
into a continuous, individualized learning experience. Therefore, the algorithms and technologies described in this review may be able
to help medical health educators and high-stakes test developers to adopt CAT more actively and efficiently.
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Introduction greatly improves measurement efficiency.

CAT has been introduced to a variety of high-stakes testing opera-

The emergence and advancement of modern test theory (e.g., item  tons, including medical health licensing examinations in the United

response theory [IRT]) and the rapid deployment of new computing
technologies have completely changed how educational tests are de-
signed, delivered, and administered. One of the most important ex-
amples is computerized adaptive testing (CAT). As its name implies,
the CAT test form is adaptively assembled on the fly as the test taker
answers each test item. Because CAT selects and administers items at
the difficulty level that is most relevant to each test taker’s ability lev-
el, the test length is usually much shorter than a typical linear version
of a test. At the same time, CAT administration retains (or even im-
proves) the precision of test score estimation—in other words, CAT
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States such as the American Society for Clinical Pathology Board of
Certification Examinations, the National Council Licensure Exami-
nations (NCLEX-RN exam), National Registry of Emergency Med-
ical Technicians, and the North American Pharmacist Licensure Fx-
amination. To adopt CAT for use in other licensing examinations
not only in the United States, but in other countries around the
world, it is essential to understand the basic processes of CAT ad-
ministration, of which the item selection algorithm is the most criti-
cal component. The purpose of this review is to present knowledge
and techniques regarding the 3 components of the conventional
CAT item selection algorithm: test content balancing, the item selec-
tion criterion, and item exposure control. It is hoped that this review
will help opinion leaders of test-providing institutions to understand
CAT implementation and administration.
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Three (iterative) processes of CAT administration

CAT administration involves 3 key processes that iterate for each
test item administration, as shown in the illustration in Fig. 1.

The first process determines the latest 8 (i.e., the ability estimate).
At the beginning of CAT, there are no observed response data from
which @ is estimated, so the § value s initialized at the expected val-
ue, which is often the average score. After the response data are col-
lected for one or more items, § is computed and updated using, for
example, the maximum likelihood estimation (MLE) or Bayesian-
based methods [1] such as the modal a posteriori [2] or expected a
posteriori (EAP) [3]; methods. Test developers often prefer the MLE
method because it does not have the estimation biases that Bayesian-
based methods usually exhibit due to their use of an informative pri-
or. The MLE method, however, is often unusable in an early-stage
CAT administration due to its inability to handle special response
patterns such as all correct or all incorrect responses. To overcome
this issue, it is not unusual for several different § estimation meth-
ods to be used during CAT in operational settings. For example, in
the early stage of CAT administration, when the number of item re-
sponses is small and the chance of having all correct or all incorrect
responses is high, the EAP method is used. As the CAT progresses
toward or reaches the end of a test, the final § is estimated using the
MLE method. A modification of MLE, called MLE with fences
(MLEF), was recently proposed by Han [4]. The literature suggests
that MLEF results in unbiased estimation just like MLE, but is also
capable of handling special response patterns that a typical MLE
cannot.

The second CAT process involves the evaluation of test progress
against the CAT termination rules that are defined as part of the test
specification. In many CAT programs, the test length is fixed for all
test takers, and the CAT administration is terminated once the num-
ber of items reaches the fixed test length. This is preferable if the goal
is to make the test-taking experience, especially test time and work-
load, equivalent across test takers. In CAT; however, the length of a

%)
Estimation

Item selection

Fig. 1. Three (iterative) processes of computerized adaptive testing (CAT).
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test and its termination can be adaptive, too, based on other termi-
nation rules and policies. For example, some CAT test programs aim
to ensure that the precision of the score estimation is as parallel as
possible across test takers while shortening the test length as much as
possible. In such an example, the CAT termination rule can be de-
fined such that the test administration finishes once the standard er-
ror of estimation (SEE) for a test score reaches a target. If the prog-
ress and status of the CAT do not meet the termination criteria, then
the CAT is set to move on to the third process.

The third process involves the selection and administration of a
new item given the latest interim § from the first process. The item
selection process is the core function of CAT, and is where test con-
struction and delivery actually happen. The item selection process
involves 3 key components: (1) content balancing, (2) the item se-
lection criterion, and (3) item exposure control, as illustrated in Fig.
2. Many CAT algorithms handle these 3 components separately for
ease of implementation, but some CAT approaches combine or han-
dle some or all of the 3 item selection components together at the
same time. This paper introduces several of the most widely used or
noteworthy methodologies for each of the CAT item selection com-
ponents, followed by a discussion of other approaches.

Content balancing

In most test form constructions, it is common for a test form to
have more than 1 content area from which items are selected, and it
is important for CAT to ensure that the composition of test content
is parallel across all test takers, even while it adaptively alters the test

difficulty for each individual.

Content
balancing

[tem selection
criterion

Item exposure
control

Fig. 2. Three components of the computerized adaptive testing item se-
lection algorithm.
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One of the most widely used approaches for balancing test con-
tent involves the use of a test script. A test script specifies which items
are eligible for item selection based on content area given the item
administration sequence. For example, if we were to administer 5
test items from 3 different content areas— say, 1 item from content
area 1, 2 items from content area 2, and 2 items from content area
3—the test script would look like the one shown in Table 1. If, for
test security reasons, it is preferable to differendate the sequence of
test content across test takers, one could employ multiple test scripts
and randomly select one of them for use when CAT testing starts.
The test script method is easy to understand, straightforward to im-
plement, and greatly simplifies the item pool assembly process since
each item belongs to a single content category and content categories
are mutually exclusive (i.e., no overlap of content areas is allowed).
As a result, the test script method is widely used in various CAT ap-
plications. However, 2 critical shortcomings are associated with the
test script method. First, because the test script specifies a content
area for each sequence of item administration, each test script is spe-
cific to the test length. If; for example, a CAT is of a variable length
instead of a fixed length, the test script method may not achieve a
completely consistent content balance across test takers. Second, be-
cause the test script method requires that all items belong to a single
content category, the method may not be directly applicable if there
are multiple layers in the content structure. For example, if there are
2 layers of content categories (content area and type) as shown in Ta-
ble 2, one would need to reclassify all items into 1 of the 6 possible
content combinations (3 content areas by 2 content types). The test
script method often is still practical for content balancing if there are
2 or 3 content layers after reclassifying items. If there are 4 or more
layers, however, the number of available items in each mutually ex-

Table 1. Example of a test script for content balancing

[tem administration sequence Content area
1 2
2 2
3 3
4 3
5 1

Table 2. Example of 2 layers of content for a mathematics exam
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clusive category across all layers can become very small, making the
test script method impractical.

Another popular method for content balancing in CAT is the con-
strained CAT (CCAT) method proposed by Kingsbury and Zara
[5]. In CCAT; the percentage of items administered thus far from
each content area is first evaluated against the content specification/
target. After that, the items from a content area that show the great-
est proportional difference compared with the content specification/
target are identified as eligible for item selection for the next CAT
administration. Because CCAT evaluates the test content composi-
tion by percentage instead of the actual count of items, it can be used
in both fixed-length CAT and flexible-length CAT:. In addition, mul-
tiple layers of content balancing can be easily handled by implement-
ing CCAT as many times as the number of content layers. One un-
desirable property of CCAT, however, is that the sequence of test
content areas during CAT administration is always the same across
all test takers.

To address this downside of the CCAT method, Leung et al. [6]
proposed a modified CCAT (MCCAT) method. Unlike CCAT, MC-
CAT considers all items eligible for item selection except those from
content areas where the maximum number of items has already been
reached. With the MCCAT approach, the sequencing of content ar-
eas during CAT is much less predictable. One could also expect this
approach to improve the adaptiveness of CAT, since MCCAT tends
to have a greater number of eligible items to select from in compari-
son with CCAT.

When test content is specified by a range of numbers or percent-
ages instead of exact numbers or percentages, the penalty function
approach proposed by Segall and Davey [7] or its variations such as
the weighted penalty model [8] can be considered as alternative op-
tions for content balancing.

Other approaches exist that perform both content balancing and
item selection simultaneously instead of handling them separately.
These approaches will be introduced later in this paper.

Item selection criteria

Once test items are determined to be eligible based on the content
specification in the content balancing component of the CAT algo-

Content area (layer 1)
Content type (layer 2)
Arithmetic Algebra Geometry Total

Type 1 (pure mathematical expressions) Content category Content category Content category 40

1(12) 2(16) 3(12)
Type 2 (real-world context) Content category Content category Content category 60

4(18) 5(24) 6(18)
Total 30 40 30 100
Values are presented as number (%) or %.
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rithm, these eligible items are then evaluated for selection as the next
item to be administered. An extensive array of item selection criteria
has been developed in the test measurement field, but only a very
few are used in actual CAT implementation. An introduction to a
few noteworthy item selection criteria is presented below.

Maximized Fisher information

One of the most well-known item selection criteria—and proba-
bly the oldest criterion—involves selecting an item with the maxi-
mized Fisher information (MFI) at a given 8 (i.e., the more recent
interim score estimate) based on test items previously administered
to a test taker [9]. The Fisher information (a.k.a., item information
function [IIF]) for item 7 can be computed as

[P{(0)]

h®) = 5 sae @

where P (0) is the probability of a correct response from a person
atagiven 0, Q; (0) = 1-P; (6), and P’ () is the first derivative of 7, (6).
If items are calibrated with a 2-parameter logistic (2PL) IRT model,
P (0) can be computed as

BO) =T mawy @)
and its Fisher information for item 7 (Equation 1), therefore, re-
duces to

1;(8) = D*a®P;(6)Q;(6),

where D is the scaling constant of 1.702.
For example, if there are 4 eligible items to select from Table 3 and
f is 0.5, item 1 would be the best choice according to the MFI cri-
terion because item 1 exhibits the largest IIF value (Fig. 3). If § equals
1.5, item 2 would be the best item according to the MFI criterion,
so item 2 would be selected and administered. The MFI criterion for

CAT item selection is easy to understand and implement, and is also

®)

known to result in the maximum test information function for each
CAT session because it always selects the item expected to show the
largest Fisher information value. The MFI criterion is rarely used in
actual operational CAT applications, however, because of its ‘greedy’
tendency in item selection. For example, as shown in Fig. 3, item 4
does not show a high IIF peak due to its low a-parameter value (= 0.5).
Additionally, there are other items that exhibit a higher IIF at any
given 6 between -3 and 3. Therefore, there is no chance that item 4
would be selected and used under the MFI criterion in this example.

Table 3. Example of 4 eligible items in a 2-parameter logistic model

Item ID a-parameter b-parameter
1 1.0 05
2 20 20
3 10 -10
4 0.5 00

http://jeehp.org
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Fig. 4 displays an example of a typical item usage and exposure pat-
tern with the MFI criterion. In this example, CAT administers 30
out of 300 items in the pool based solely on the MFI criterion. The
figure clearly shows a pattern of excessive use of items with higher a-
parameter values, as well as a pattern of infrequent use of items with
lower a-parameter values. The ‘greedy’ nature of MFI item selection
imposes serious threats to test security and creates issues with item
pool utilization, and thus has led to the development of other item
selection criteria and item exposure methods.

Difficulty matching criterion

The item selection approach that uses the item difficulty match-
ing (a.k.a., &-matching) criterion evaluates the distance between the
interim § and the b-parameters of all eligible items and selects the
item with minimal distance. This approach is commonly used when
test items are calibrated with a 1-parameter logistic (1PL) model or
Rasch model since items exhibit the most information when their
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Fig. 3. Example of computerized adaptive testing item information func-
tions.
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Fig. 4. Example of typical item usage/exposure patterns with the maxi-
mized Fisher information criterion.
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difficulty is closest to the 0 value. In fact, the ‘4-matching approach’
essentially results in the same item selection pattern as the MFI ap-
proach when a 1PL or Rasch model is used. The 4-matching criteri-
on is often used with items calibrated with 2PL or 3PL models as
well, since, unlike the MFI criterion, it does not demonstrate the
‘greedy’ item-selection pattern that selects only higher z-parameter
values.

Interval information criterion

In the MFI criterion, a test item’s information is computed at a
point of interim §. In the early stages of CAT, for example, after
only 2 or 3 items are administered, one can expect the estimation er-
ror associated with @ to be quite large. Therefore, selecting an item
based on the inaccurate point estimate of 8 in early stages of CAT
can result in less than optimal item selection. To address this issue,
Veerkamp and Berger [10] proposed the interval information criteri-
on, whereby each eligible item is evaluated by the IIF averaged across
the confidence interval of an interim §. The mathematical expres-
sion of the interval information criterion for item 7 is

[ HRAL 11010 4

where §; and 8y, indicate the confidence interval of 6.

Weighted likelihood information criterion

In addition to the interval information criterion, Veerkamp and
Berger [10] also proposed the weighted likelihood information (WLI)
criterion for item selection. In the WLI criterion, the information
function is summed throughout the 0 scale, weighted by the likeli-
hood function after the items administered thus far. With the WLI
criterion, the item to be selected is item i, which results in the maxi-
mized value of

Jeehp

f: L(6;x,, ) L[0)dO )

where L(8; x..1) is the likelihood function of the response vector x..1
after the (72-1)th item administration.

Based on their simulation studies, Veerkamp and Berger [10] re-
ported that the item selection results using the interval information
criterion and the WLI criterion showed some improvement in CAT
performance over the MFI criterion for extreme 8 values.

a-Stratification method

As mentioned earlier, when the MFI criterion is used for item se-
lection in the early stage of CAT, it often selects items that are far from
optimal due to the inaccurate §. Chang and Ying [11] proposed a
different approach, whereby items with higher a-parameter values
are reserved for use in the later stage of CAT by stratifying all items
in the item pool by #-parameter values. For example, if an item pool
has 90 eligible items and a total of 9 items need to be selected and
administered, as shown in Fig. 5, the items can be grouped into 3
item strata by their g-parameter values (30 items in each item stra-
tum). At the beginning of CAT (the first 3 item administrations, for
example), CAT selects and uses an item with a difficulty level that is
closest to § among the items in item stratum 1. As CAT progresses
into its later stages, items are selected from an item stratum with high-
er a-parameter values. The overall performance of the #-stratification
method has been proven to be solid as long as the item pool is opti-
mally designed—meaning that it does not show the ‘greedy’ item se-
lection pattern seen in the MFI criterion—while minimizing its trad-
eoff in measurement efficiency.

A potential issue with the #-stratification method is that in real-
world applications, it is common to observe a moderate positive cor-
relation between @~ and &-parameters. In other words, items with

Item pool (90 items)

Item stratum 1

(30 items with lowest
a-parameter values)

Item stratum 2

(30 items with middle
a-parameter values)

Item stratum 3

(30 items with highest
a-parameter values)

- . - - . v : . .

CAT CAT CAT CAT CAT CAT CAT CAT CAT
Seq. Seq. Seq. Seq. Seq. Seq. Seq. Seq. Seq.
1 2 3 4 5 6 7 8 9

Fig. 5. Example of the g-stratification method. CAT, computerized adaptive testing; Seq, sequence.
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higher a-parameter values tend also to have higher 4-parameter val-
ues. Because of that, stratifying an item pool by an item’s a-parame-
ter value could unintentionally result in items being stratified by
their 4-parameter value as well. For example, the item stracum with
the highest a-parameter values is likely to end up with items whose
b-parameter values are also much higher than other item strata with
lower a-parameter values. This could lead to a serious shortage of
items with specific difficulty levels within each item stracum. To ad-
dress this issue, Chang et al. [12] proposed a modification called a-
stratification with 4-blocking. In the modified version, items are first
stratified by their /-parameter values, and then the items from each
b-parameter stratum are grouped by their #-parameter values to con-
struct item strata that are based on a-parameters while being balanced
in the b-parameter.

The a-stratification method (and its modification) generally yields
stable performance, striking a balance between CAT measurement
efficiency and overall item pool utilization, as long as the item pool
is large and optimally designed. If the item pool is small, however, or
if there are many content categories and test constraints, the actual
number of eligible items within each item stratum could be extreme-
ly small. Under such circumstances, the CAT’s level of adaptability
with this item selection method could suffer a serious downturn.
Additionally, because the a-stratification method determines which
item stratum to select an item from according to the CAT process, it
is not usable when the test length is not fixed.

Efficiency balanced information criterion

The efficiency balanced information (EBI) criterion was developed
by Han [13] to better utilize items with lower z-parameter values, as
in the a-stratification method, but with no need to stratify the item
pool. One component of the EBI criterion involves evaluating the
expected item efficiency (EIE), which is defined as the level of real-
ization of an item’s potential information at an interim §. If item 7
shows maximum potential information at 6;, the EIE at interim 8
after the j-th item administration is computed as

1IE= 11[91]
1161

©)

where 6/ is equal to & when using either a 1PL or 2PL model. In the
EBI criterion, the EIE (Equation 6) is assessed across a 0 interval. The
width of the 8 interval for the item efficiency (IE) evaluation is de-
termined by the SEE (¢) and set to 2 SEEs from § after the j-th item
administration (8;+2¢;). Therefore, the IE value for item 7 is com-
puted as

~ _ @,+2£, IZ[H]
IE[0; ]_v[a]-zgj [_[g_*]de' 7)

It should be noted that when gis large (e.g., during the early stage
of CAT administration), an item with a lower #-parameter will result
in a larger IE value if all other conditions are the same among items.
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Items with a lower z-parameter tend to show greater efficiency at a
wider range of 6.

The EBI criterion evaluates not only the IE but also the item in-
formation expected at § during the item selection procedure. Like
IE, the item information for each item is also evaluated within §;+
2g;. This is nearly identical to the interval information criterion that
Veerkamp and Berger [10] proposed. By combining the IE compo-
nent (Equation 7) and the information component, the EBI criteri-
on eventually looks for an item resulting in the maximized EBI,

which is calculated as:

EBI[O=["" L0V 4o 1777 1 1owe
! 0;-2¢, ]l_[,gi] 026, '

®

- )ja/””/l[e]de
g Yo O

With this criterion, items with lower z-values tend to have a better
chance of being selected at the beginning of CAT; whereas items with
higher #-values occur more frequently in the later stages.

Kullback-Leibler information criterion

Chang and Ying [14] developed the global information approach,
which uses the moving average of Kullback-Leibler information (KLI)
to select items [15,16]. The KLI for any 0 for the 7-th item with re-
sponse X; is defined as

K, (0116,)= R(eo)log{’;((%))} NE 13(6'0)11og[11 e } )

i

where P(00) is the probability that a random test taker at proficiency
level 0y answers the item correctly. The moving average of KLI is then
calculated and used as the item selection criterion, as follows,

Oy +6
K(@)=], /K (016,)ds. (10)

where 0 specifies the range of the moving average. The resulting de-
termination of ¢ could be ambiguous, so Chang and Ying [14] pro-
posed ¢ //m as a reasonable choice for 6§, with constant ¢ selected ac-
cording to a specified coverage probability and with 72 being the
number of items administered thus far. Chang and Ying [14](1996)
found that replacing the MFI criterion with the KLI criterion often
reduced the biases and mean-squared errors of proficiency estima-
tion when the test length was short (72<30) or when the CAT ad-
ministration was in its early stage, where the § often contains a large

estimation error.

Item exposure control

Unlike linear tests whose test items are designed for a single use
during 1 testing event, CAT reuses all items in the item bank/pool
over time. However, some items may be selected and used too fre-
quently. Such excessive exposure of items to a test population could
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change a person’s test-taking behavior regarding those compromised
items. For example, if a test taker obtained prior knowledge of the
compromised test items and their correct answers, he or she could
likely respond based on memorization of the items rather than on
his or her true problem-solving skills. Unintended changes in test-
taking behavior due to excessive item exposure could seriously threat-
en the tests fairness and validity. In many high-stakes exams, main-
taining proper item exposure is one of most important considerations
for ensuring test security. It should be noted that for some CAT ap-
plications, such as medical diagnostic questionnaires, personality mea-
sures, and adaptive learning tools, controlling item exposure is not
necessary.

Item exposure control is the last of the 3 components of the CAT
item selection algorithm (Fig. 2). Once eligible items are identified
in the first component (content balancing), and an optimal item is
selected in the second component (item selection), then, in the third
component (exposure control), some random factors are introduced
to the item selection process to prevent excessive item use. The fol-
lowing section introduces a few widely used exposure control meth-

ods.

Randomesque

Kingsbury and Zara [5] proposed employing the randomesque
method to keep the best item from being solely (or excessively) used
in CAT administration. Instead of selecting a single best item, this
method is designed to select multiple best items based on the item
selection criterion. After that, one of the best items is randomly ad-
ministered. The randomesque method may not be highly effective
in limiting the maximum item exposure rate to a target rate, but it
can prevent the same item from being used repeatedly for test takers
with similar proficiency levels. This method and its variations are
widely used in CAT practice as a sole method (or as an additional
means) for controlling item exposure as well as for enhancing overall
item pool utilization.

Sympson-Hetter method

In the probabilistic approach developed by Sympson and Hetter
[17], the probability P(A) that an item will be administered is differ-
entiated from the probability P(S) that the item will be selected based
on the item selection criterion. In other words, the Sympson-Hetter
(SH) method introduces the conditional probability P(A|S) that the
selected item will actually be administered. In order to keep the P(A)
at a desirable target level, the P(A|S) that results in the target P(A) is
derived from iterative simulations. Once the P(A[S) is computed for
each item in the item pool, it is treated as the exposure parameter in
the actual item-selection process. During CAT administration, all el-
igible items are ordered by the choice of item selection criterion. Start-
ing from the best item, the item exposure parameter is compared
against a randomly generated value between 0 and 1 (following a
uniform distribution). If the random value is smaller than the expo-

http://jeehp.org
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sure parameter, the item is administered; otherwise, the process pro-
ceeds to the next best item. This process is repeated until an item is
finally administered. It is important to note that the computed ex-
posure parameters are pool-specific; in other words, the exposure pa-
rameters should be recomputed whenever there is a change in the
item pool, even in a single item.

Unconditional multinomial method

The unconditional multinomial (UM) method is similar to the
SH method in that it computes exposure parameters using iterative
simulations [18]. What differentiates the UM method from the SH
method is that the UM method first forms a multinomial distribu-
tion from each item’s P(A|S) and then compares the distribution to a
random value to determine which item to actually administer.

Conditional multinomial method

The SH and UM methods are useful for controlling the overall
exposure for each item, but they do not guarantee the desired expo-
sure rate within each group of test takers of similar proficiency. In
the conditional multinomial (CM) method [19,20], each item has
multiple exposure parameters that correspond to each proficiency
group. The exposure parameters are computed separately for each
proficiency group during the simulations. Once the exposure param-
eters are computed, the exposure parameter for the corresponding
proficiency group based on the (interim) § estimate is used to form
a multinomial distribution. The rest of the procedure is the same as

the UM method.

Fade-away method

Today’s computer networking technology makes it possible for
main computer servers and client computers (i.e., test terminals) in
test centers to communicate before, during, and/or after CAT ad-
ministration to reconfigure a variety of test information, including
item usage. Complete item usage information maintained in the
main server can be updated regularly by the client computers during
or after each CAT administration via the online network. In addi-
tion, each client computer can access updated item usage informa-
tion from the server just before the start of the next test administra-
tion. Such network technology enables the CAT system to use near
real-time item exposure information for exposure control, preclud-
ing the need to predict item exposure by other means, such as using
the SH method [17], which involves iterative simulations.

In the fade-away (FA) method [21], the item selection criterion
value for each eligible item in the pool is inversely weighted by the
ratio between the updated actual exposure rate and the target expo-
sure rate. For example, with the MFI criterion displayed in Equation
1, the CAT system looks for an item that maximizes

L[0m-1] ()

where Cis the absolute item usage limit (of the first exposure con-
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trol component) and U is the item usage for the life of item 7. With
this new method, rarely used items are expected to be promoted more
frequently; and excessively used items are likely to “fade away” from
the item selection. This method can be especially useful and effective
in CAT with cloud-based systems.

CAT using automated test assembly approaches

Earlier sections of this report explained each of the 3 separate com-
ponents of CAT item selection algorithms (Fig. 2). As noted, a ma-
jority of operational CAT programs currently implement and run
those 3 item selection components separately. There are other CAT
approaches, however, that construct adaptive test forms and handle
the content balancing and item selection components simultaneous-
ly. These CAT approaches view and formulate the content balancing
component and item selection component as the constraints and
objective, respectively, of a mathematical programming model such
as mixed integer programming (MIP), an optimization method of-
ten used for automated test assembly (ATA) practices [22-26)].

The shadow-test approach (STA) offers a framework for iterative
ATA performed on the fly given the latest interim § for CAT [27,28].
In this framework, either minimizing the deviation of the test infor-
mation function (TTF) from the TIF target or maximizing the TIF
itself at a single or multiple evaluation points on the 0 scale is set to
be an objective for the MID, and the test content balancing and other
test specifications are formulated as constraints. For example, if the
goal is to implement an STA that is equivalent to a 10-item-long
CAT using the MFI item selection criterion (see Equation 1) with
the content balancing scenario shown in Table 2, then the MIP mod-
el can be expressed as:

maximize Y- I; (9(9_1)) (objective) (12)

subject to

Tiox =n=10,
Z§:1 x; C1; =10 x 0.4,
Z{:l x; C; =10 % 0.6,
Z{:l Xi C3i =10 X 03,
Z€:1 x; C4; = 10 %X 0.4,
Yio1xCsi =10% 0.3,

(test length) (13)
(content type 1, pure)

(content type 2, real)

(content area 1, arithmetic)
(content area 2, algebra)

(content area 3, geometry),

where i={1, 2, 3, ..., [}, [ is the number of items in the item pool,
n is the test length, x; is a binary variable indicating whether item 7
is included in the constructed test form (1 if included and 0 if not
included), gis the number of items administered so far, and Ci;, Cas
Gsi, Ciiy and Gs; are binary (0 or 1) identifiers for item 7 for each
content type/area (for example, if Ci; is 1, the item 7 content type is
“pure”).

Once the MIP model is set, the MIP solver does most (if not all)
of the heavy lifting of test form construction for STA-CAT. Unlike
all previously mentioned CAT approaches, where a single item is
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eventually selected and administered during each cycle of the CAT
process (Fig. 1), in CAT with STA, a complete test form given 8 is
constructed each time. The complete test form always satisfies all
content and other constraints, which is its huge advantage over other
approaches. In STA-CAT; each item can have multiple content cate-
gories and/or multiple layers of content categories. The MIP solver is
not restricted to selecting 1 item at a time, which could degrade the
level of CAT adaptiveness. Because the MIP solver is required to com-
pute a completely new full test form in real time whenever 9 is up-
dated, however, the computational resources requirement for STA-
CAT can be extremely high. Thus, it is often necessary to tune the
solver and constraints to make STA-CAT operationally feasible.

Stocking and Swanson [29] also proposed another approach to
CAT within a linear-programming framework. They focused on de-
veloping an MIP model that, unlike STA-CAT, could tolerate viola-
tions of content constraints to enable the CAT system to be more
robust against possible item selection failures even when, in the view
of STA-CAT; there would be no feasible solution for meeting all con-
tent constraints. In their method, called the weighted deviation model
(WDM), Stocking and Swanson [29] treated the content constraints
as part of the object function, where the violations of the content
constraints are to be minimized as the object. The IIF is also consid-
ered in the WDM-CAT as one of the weighted deviations from the
target. Even though the WDM-CAT can be implemented using an
MIP solver to find the optimal solution, as with STA-CAT, Stocking
and Swanson instead proposed the use of a heuristic algorithm [30],
in which items are evaluated and selected one at a time based on the
object function of WDM as opposed to items for a whole test form.
Using the WDM with the heuristic algorithm, the computational
load for CAT administration is much lower than STA-CAT, but un-
like STA-CAT, each test form based on WMD is not guaranteed to
meet all content constraints.

Choosing an optimal CAT approach

When it comes time to implement a test program, it is common
for some less experienced practitioners to view this as a contest of se-
lecting among different CAT methods to find the ‘best’ method be-
fore even asking themselves whether CAT is the right solution. As
with any other test construction task, the development of a CAT-
based test requires the consideration of many important factors, in-
cluding the purpose of the test, skills to be measured, nature of the
test population, time limit, test time window, test-taking experience,
test security, development time and cost, test volume, and commu-
nication with test users and stakeholders.

A key question to ask before delving into the details of CAT de-
sign decisions is whether CAT is the right design for the test program.
Although CAT has joined the mainstream of test industry methods
and is used in many psychological and educational applications, it is
not necessarily the silver bullet for all testing applications. For exam-
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ple, if the goal of a test is to render a pass/fail decision for test takers,
then using a fixed test form or linear-on-the-fly test (LOFT) devel-
oped to maximize the TIF at the cut score (of pass/fail decision) can
be more efficient than CAT. If the desired test outcome is simply to
classify test takers into one of multiple categories, then a multistage
testing (MST) design may be a reasonable alternative to CAT. If max-
imizing score reliability across a wide-ranging score scale is the goal,
however, then CAT is usually the best option compared with less
adaptive options such as MST or LOFT.

CAT is usually best suited for large-scale assessments with huge
test volumes and continuous or multiple test windows. If the test
volume is very small, however (e.g., fewer than 100 test takers per
year), it will take a long time or likely be impossible to build up a us-
able item bank. Even with a large test volume and response data to
calibrate items, CAT requires significant lead time for the item bank
to grow large enough to address test security concerns through item
exposure control. Therefore, it is not unusual for a test program to
start initially with a non-CAT fixed test form and later transition to
CAT-based test administration once the item bank is well established.

Interactions between item selection criteria and exposure
control

Selecting the right method for each of the 3 components of the
item selection process—content balancing, the item selection criteri-
on, and item exposure control—is not straightforward and cannot
and should not be considered separately for each of these 3 compo-
nents because of the unique interactions among them.

Figs. 6 and 7 demonstrate how different combinations of item se-
lection criteria and item exposure control methods could result in
sharply different CAT performance and item usage patterns. The il-
lustrations demonstrate 20 possible combinations using 4 different
item selection criteria (MFI, a-stratification, 4-matching, and EBI)
paired with 5 different exposure control methods (none, randomesque,
SH, CM, and FA). Fig. 6 displays the item usage/exposure patterns
by an item’s z-parameter values under each condition, and Fig. 7 shows
the conditional standard error of 0 estimation (CSEE). Except for
the item selection criterion and item exposure control method, all
other test conditions were identical: 6 values were generated for 2,000
simulees following a standard normal distribution, each simulee was
administered 20 items, and each item pool contained 400 items. As
shown in Fig. 6, when the MFI criterion was used with no item ex-
posure control, more than half of items in the pool were not used at
all, while items with higher z-parameter values were used excessively.
Because the MFI criterion always selects items that will maximize
the information function, the CSEE was the smallest with the MFI
criterion compared with other criteria in the absence of any exposure
control (Fig. 7). The a-stratification and 4-matching criteria showed
even item usage regardless of an item’s z-parameter value, even with-
out any additional exposure control. When the EBI criterion was
used with no item exposure control, it tended to excessively select
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items with lower #-parameter values. As a result, the CSEE was no-
ticeably larger than the cases using other item selection criteria.

When the studied item selection criteria were paired with the ran-
domesque method for exposure control, the maximum item expo-
sure was slightly reduced across all item selection criteria (Fig. 6) with-
out any severe impact on CSEE (Fig. 7), although the maximum
item exposure was still concerningly large for the MFI and EBI cases.
When the SH item exposure control method was used, it was strictly
mandated that items be used no more than 20% of the time (500
out of 2,000 simulees) with the MFI and EBI criteria. The SH meth-
od showed no meaningful change with the a-stratification and &-
matching criteria because those criteria never showed a maximum
exposure rate larger than 0.2 in the first place. When the FA method
was used to control item exposure, the EBI criterion showed the most
even item usage pattern among all 4 criteria, although its CSEE was
consistently low throughout the 6 intervals. The MFI criterion with
the FA item exposure method also showed a significantly lower maxi-
mum exposure rate, without necessarily leading to the promotion of
underused items in item selection. When the CM method was used
to control item exposure for each of 6 different 8 groups at the rate
of 0.2, the item usage pattern was similar to those seen with the SH
method (Fig. 6), but there were serious surges of CSEE at 0<-1.5
and 0> 1.5 (Fig. 7), regardless of the item selection criterion chosen.
The increased CSEEs at extreme 6 values were the result of the CM
method’s tight control of the item exposure rate, which limited the
number of items with either very low or very high /-parameter val-
ues in the pool. When the CM method limited the maximum usage
of items with very low or very high 6-parameter values, items lacking
the optimal difficulty level were forced into use as an alternative, even-
tually leading to a dramatic increase in CSEE.

On the whole, the examples in Figs. 6 and 7 illustrate how inter-
actions not only between the item selection criterion and item expo-
sure control method, but also with the item pool, can create different
outcomes in CAT performance and behavior. If the item pool is deep,
with an extremely large number of items across all content categories
and difficulty levels, such interactions tend to have a minimal impact
on the CSEE and item exposure rate. Most real-life test situations,
however, operate with a limited number of items in an item pool
along with several content and other constraints, which usually result
in some level of tradeoff between item selection optimality and ex-
posure control level. In general, the measurement efficiency of CAT
tends to decrease as item exposure control becomes stricter, with the
exception of the EBI criterion used with the FA exposure control
method (Fig. 7). The tradeoff between measurement efficiency and
item exposure control is almost impossible to estimate accurately by
analytical means, which is why conducting simulation studies to eval-
uate the tradeoff and other CAT performance metrics is critically
important in deciding upon a CAT design.
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Fig. 6. Item usage and exposure count with different item selection criteria and exposure control methods. MFI, maximized Fisher information; EBI, ef-
ficiency balanced information; CM, conditional multinomial; SH, Sympson-Hetter; FA, fade-away.

Conventional 3-component approach versus ATA-based
approaches

When comparing the CAT approaches that employ separate pro-
cedures for each of the 3 item selection components (Fig. 2) with the
more holistic, ATA-based approaches such as the STA and WDM,
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there is no clear winner—each has its own advantages and disadvan-
tages. The STA often can yield a more optimally selected item set
than conventional item selection processes where items are selected
one at a time and only from the eligible items for a particular se-
quence (due to the content balancing component). Thus, in situa-
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tions involving multiple constraints, a short test, and a limited item
pool, the ATA-based approaches can be more effective. However,
conventional CAT methods are often more cost-effective to imple-
ment (e.g., they do not require an MIP solver) and, more important,
are straightforward in terms of identifying and troubleshooting is-
sues regarding each of the item selection components. In the exam-
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ples shown in Figs. 6 and 7, it becomes obvious that the CSEEs can
surge at some 0 ranges when the MFI method is used with the CM
item exposure control given that particular item pool. Based on the
identified issue, one can arrive at possible solutions to address it by
tackling the potential causes from each item selection component.
For example, relaxing some item content balancing parameters might
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promote the inclusion of more optimal items given the item selec-
tion criterion. Alternately, adjusting the CM item exposure control
setting to have a slightly higher exposure rate target or to have fewer
0 groups for conditional control may help reduce the CSEE. It is
also possible that increasing the size of the item pool by adding more
items with extreme 4-parameter values could ultimately resolve the
issue. Under the conventional CAT algorithm with 3 item-selection
components, different approaches to address the issue can be easily
tried separately at each component level. In contrast, when the ATA-
based approaches such as the STA fail to create a test form, it is often
difficult to understand what exactly is causing the failure of test as-
sembly.

The computing resources requirement is also an important factor
to consider when deciding between the STA and conventional CAT.
The STA usually requires a high level of computing power with sig-
nificant memory or a powerful cloud system with a stable internet
connection. In contrast, for most conventional CAT methods, mod-
ern personal computers or communication devices such as smart-
phones and tablet PCs can handle CAT delivery without a constant
need for an internet connection. The size of the item pool and the
test length also should be taken into consideration. With the STA, if
the item pool s large (for example, 2,000 to 5,000 items) and/or the
test length is extremely long (for example, 100 to 500 items), the
solver could fail to find an optimal test form within a reasonable time
(e.g., less than 1 second). For most conventional CAT methods, the
effect of pool size and test length on processing time is minimal in
practice.

Conclusion

The fundamental logic behind CAT (especially under the IRT
framework) was developed more than 50 years ago, but CAT has
only gained wide acceptance in the educational and psychological
measurement field and in various applications across large-scale test
programs in the last 20 years. Extensive research in CAT is actively
underway. Topics currently under investigation include new item se-
lection methods, new ATA methods, new CAT designs that improve
the test-taking experiences (e.g., allowing response review and change),
live item calibration during CAT, new multidimensional CAT meth-
ods, new diagnostic CAT methods, and test security measures spe-
cialized for CAT administration. In addition, the logic of CAT is now
being adopted in the field of adaptive learning, which integrates the
learning aspect and the (formative) assessment aspect of education
into a continuous, individualized learning experience, and is gaining
traction throughout the K-12 educational system. It is a truly excit-
ing time to be involved in the CAT field. Understanding the key ele-
ments of CAT reviewed and discussed in this paper is critically im-
portant, and, at the same time, efforts to stay current with the new
and upcoming CAT research are also very important for measure-
ment experts.

http://jeehp.org

Jeehp

ORCID: Kyung (Chris) Tyek Han: https://orcid.org/0000-0002-
6534-0183

Authors’ contributions

All work was done by Kyung (Chris) Tyek Han.

Conflict of interest

No potential conflict of interest relevant to this article was reported.

Funding

None.

Acknowledgments

None.

Supplementary materials

Supplement 1. Audio recording of the abstract.

References

1. Owen RJ. A Bayesian sequential procedure for quantal response in the
context of adaptive mental testing. ] Am Stat Assoc 1975;70:351-356.
hetps://doi.org/10.1080/01621459.1975.10479871

2. Samejima E. Estimation of latent ability using a response pattern of
graded scores. Richmond (VA): Psychometric Society; 1969.

3. Bock RD, Aitkin M. Marginal maximum likelihood estimation of
item parameters: application of an EM algorithm. Psychometrika
1981;46:443-459. https://doi.org/10.1007/b£02293801

4. Han KT. Maximum likelihood score estimation method with fences
for short-length tests and computerized adaptive tests. Appl Psychol
Meas 2016;40:289-301. https://doi.org/10.1177/0146621616631317

5. Kingsbury GG, Zara AR. Procedures for selecting items for comput-
erized adaptive tests. Appl Meas Educ 1989;2:359-375. https://doi.
org/10.1207/515324818ame0204_6

6. Leung CK, Chang HH, Hau KT. Content balancing in stratified
computerized adaptive testing design. Proceedings of the Annual
Meeting of the American Educational Research Association; 2000
Apr 24-28; New Orleans, USA. Washington (DC): American Edu-
cational Research Association; 2000.

7. Segall DO, Davey TC. Some new methods for content balancing
adaptive tests. Proceedings of the 60th Annual Meeting of the Psy-
chometric Society; 1995 Jun; Minneapolis, USA. Madison (W1I):
The Psychometric Society; 1995.

8. Shin CD, Chien Y, Way WD, Swanson L. Weighted penalty model for

content balancing in CATS [Internet]. Harlow: Pearson Education;

Page 12 of 13
(page number not for citation purposes)



J Educ Eval Health Prof 2018;15:7 « https://doi.org/10.3352/jeehp.2018.15.7

2009 [cited Apri]. Available from: http://images.pearsonclinical.
com/images/tmrs/tmrs_rg/WeightedPenaltyModel.pdf

9. Weiss DJ. Improving measurement quality and efficiency with adap-
tive testing. Appl Psychol Meas 1982;6:473-492. https://doi.org/10.
1177/014662168200600408

10. Veerkamp WJ, Berger MP. Some new item selection criteria for adaptive
testing. J Educ Behav Stat 1997;22:203-226. https://doi.org/10.3102/
10769986022002203

11. Chang HH, Ying Z. A-stratified multistage computerized adaptive
testing. Appl Psychol Meas 1999;23:211-222. https://doiorg/10.1177/
01466219922031338

12. Chang HH, Qian ], Ying Z. a-Stratified multistage computerized
adaptive testing with b blocking. Appl Psychol Meas 2001;25:333-
341. https://doi.org/10.1177/01466210122032181

13. Han KT. An efficiency balanced information criterion for item selec-
tion in computerized adaptive testing. ] Educ Meas 2012;49:225-246.
hetps://doi.org/10.1111/j.1745-3984.2012.00173.x

14. Chang HH, Ying Z. A global information approach to computerized
adaptive testing. Appl Psychol Meas 1996;20:213-229. https://doi.
org/10.1177/014662169602000303

15. Cover TM, Thomas JA. Elements of information theory. New York
(NY): Wiley; 1991.

16. Kullback S. Information theory. New York (NY): Wiley; 1959.

17. Sympson JB, Hetter RD. Controlling item-exposure rates in comput-
erized adaptive testing. Proceedings of the 27th Annual Meeting of
the Military Testing Association; 1985 Oct 21-25; San Diego, USA.
San Diego (CA): Navy Personnel Research and Development Cen-
tre; 1985.

18. Stocking ML, Lewis C. Controlling item exposure conditional on
ability in computerized adaptive testing. Princeton (NJ): Educational
Testing Service; 1995.

19. Stocking M, Lewis C. Controlling item exposure conditional on abili-
ty in computerized adaptive testing. ] Educ Behav Stat 1998;23:57-
75. https://doi.org/10.2307/1165348

http://jeehp.org

Jeehp

20. Stocking ML, Lewis C. Methods of controlling the exposure of items
in CAT. In: van der Linden WJ, Glas CA, editors. Computerized
adaptive testing: theory and practice. Norwell (MA): Kluwer Aca-
demic Publishers; 2000. p. 163-182.

21. Han KT. SimulCAT: Windows software for simulating computerized
adaptive test administration. Appl Psychol Meas 2012;36:64-66.
hetps://doi.org/10.1177/0146621611414407

22. Theunissen TJ. Binary programming and test design. Psychometrika
1985;50:411-420. https://doi.org/10.1007/bf02296260

23. Theunissen TJ. Some applications of optimization algorithms in test
design and adaptive testing. Appl Psychol Meas 1986;10:381-389.
https://doi.org/10.1177/014662168601000406

24. Boekkooi-Timminga E. Simultaneous test construction by zero-one
programming. Methodika 1987;1:101-112.

25. Boekkooi-Timminga E, van der Linden WJ. Algorithm for automated
test construction. In: Maarse FJ, Mulder L], Sjouw WP, Akkerman
AE, editors. Computers in psychology: methods, instrumentation
and psychodiagnostics. Lisse: Swets & Zeitlinger; 1988. p. 165-170.

26. Van der Linden WJ, Bockkooi-Timminga E. A maximin model for
IRT-based test design with practical constraints. Psychometrika 1989;
54:237-248. hutps://doi.org/10.1007/bf02294518

27. Van Der Linden WJ. A comparison of item-selection methods for
adaptive tests with content constraints. ] Educ Meas 2005;42:283-
302. https://doi.org/10.1111/}.1745-3984.2005.00015.x

28. Van Der Linden WJ, Reese LM. A model for optimal constrained
adaptive testing. Appl Psychol Meas 1998;22:259-270. https://doi.
org/10.1177/01466216980223006

29. Stocking ML, Swanson L. A method for severely constrained item se-
lection in adaptive testing. Appl Psychol Meas 1993;17:277-292.
https://doi.org/10.1177/014662169301700308

30. Swanson L, Stocking ML. A model and heuristic for solving very large
item selection problems. Appl Psychol Meas 1993;17:151-166. https:
//doi.org/10.1177/014662169301700205

Page 13 of 13
(page number not for citation purposes)



https://doi.org/10.1177/014662168200600408
https://doi.org/10.1177/014662168200600408
https://doi.org/10.3102/10769986022002203
https://doi.org/10.3102/10769986022002203
https://doi.org/10.1177/01466219922031338
https://doi.org/10.1177/01466219922031338
https://doi.org/10.1177/014662169301700205
https://doi.org/10.1177/014662169301700205

